. Identifying nonlinearity of primary production (PP) and bacterial production (BP) data. Following the s-mapping procedure in the rEDM package (Ye et al., 2017, available at https://cran.r-project.org/web/packages/rEDM/vignettes/rEDMtutorial.html) we detected the optimal embedding dimension (E) for PP and BP time series based on the results from simplex projection. With the selected optimal E for each time series, forecast skill improves as nonlinearity (theta) increases, indicating that there is nonlinear dynamics in presence for each time series. 
. Identifying nonlinearity of primary production (PP) and bacterial production (BP) data. Following the s-mapping procedure in the rEDM package (Ye et al., 2017 , available at https://cran.r-project.org/web/packages/rEDM/vignettes/rEDMtutorial.html) we detected the optimal embedding dimension (E) for PP and BP time series based on the results from simplex projection. With the selected optimal E for each time series, forecast skill improves as nonlinearity (theta) increases, indicating that there is nonlinear dynamics in presence for each time series. Figure S3 . Examples of application of CCM to synthetic time series generated from the known equations. The dynamic coupling between two variables X and Y can be inferred from the underlying equations where the dynamics of Y can be influenced by another variable X, but the dynamics of X are simply predicted by its own previous time step. With X and Y output produced from the two equations given below, causality of X on Y should be detected but not vice versa. The detection of causality was established based on the signature of convergence from library (sample) size (L) versus Pearson correlation coefficient (ρ) where ρ converges to a value of significantly greater than zero as L increases and ρ is greater at the longest L. According to these criteria, the causality between X and Y were correctly recovered: (a) strong causality of X on Y and (b) absence of causality of Y on X. The shaded area represents error spreading confidence intervals (5th/95th) generated using Monte Carlo simulations (n = 30). Figure S5 . Examples of application of CCM to MLD and PP from the Bermuda Atlantic Time-series Study (BATS) observations. According to the criteria for establishing causality, the causality between MLD and phytoplankton was correctly recovered: (a) weak to moderate degree of the causality of MLD on phytoplankton during the mixing period, (b) absence of the causality of MLD on phytoplankton during the stratification period, (c) absence of phytoplankton causality on MLD during the mixing period, and (d) absence of phytoplankton causality on MLD during the stratification period. The shaded area represents error spreading confidence intervals (5th/95th) generated using Monte Carlo simulations (n = 30). Figure S7 . The relationship between volumetric 3 H-TdR incorporation rates and temperature along sampling depths as a function of the degree of water-column mixing during the study period (1989-2012). These two plots provide a mechanistic basis of temperature limitation of BP to which we attribute the lack of PP causality on BP as well as the lack of SDOC causality on BP. In these plots the significant regression relationship indicates a significant control of temperature (the reciprocal of temperature multiplied by the Boltzmann constant k, 8.52×10
-5 eV K -1 ) on volumetric 3 H-TdR incorporation rates (i.e. the higher absolute value of the regression slope the stronger control of temperature). Figure (A) shows that there is significant temperature control (p <0.001) during the mixing period months (November-April) of positive MLD anomalies ("deep mixing"). Figure (B) shows that there is no significant temperature control (p = 0.44) during the mixing period months (November-April) of negative MLD anomalies ("shallow mixing"). The difference between these two plots is presented due to decreased BP at colder temperature as a result of deep mixing-induced cold water entrainment to the mixed layer. 
